The assessment of local and regional impacts of climate change often requires downscaling of general circulation model (GCM) projections from coarser GCM-scale to finer local-or catchmentscale spatial resolution. This paper provides an assessment of two downscaling approaches for simulation of daily rainfall over Sydney, Australia. The two downscaling alternatives compared include a multivariate multisite statistical downscaling model based on semi-parametric conditional simulation and a dynamical downscaling approach that uses the National Center for Atmospheric Research (NCAR) weather research and forecasting (WRF) model. The two approaches are evaluated for their ability to reproduce important at-site rainfall statistics at a network of 45 raingauge stations and regional statistics over the catchment area of the Warragamba Dam (9,050 km 2 ). The results indicate that the simulations from these approaches capture many regionally observed climate features, including the simulated seasonal and annual means and daily extreme rainfall values.
INTRODUCTION
In addition, GCMs yield outputs at much larger spatial resolutions than are needed to capture local land-atmosphere coupling (Evans et al. ) and as inputs to impact studies, and this leads to inconsistencies in the representation of spatial and temporal variability and distribution and magni- Australia. For CCAM, the lower boundary forcing was obtained from the CSIRO Mk3.0 GCM. They found that CCAM tended to overestimate the number of wet days (and consequently underestimate the maximum dry-spell), amount of rain on wet days and daily maxima. Bárdossy & Pegram () proposed an approach to link the daily spatial rainfall to RCM-modelled rainfall. They used circulation patterns (CPs) to define quantile-quantile (Q-Q) transforms between observed and RCM rainfall and, subsequently, used a double Q-Q transform to estimate the rainfall patterns and amounts from GCM-RCM predictions of sea-level pressure (SLP) and rainfall fields in a future period.
In addition to the above, the statistical and regional dynamical downscaling of extremes for European regions (STARDEX) project (www.cru.uea.ac.uk/projects/stardex) provides a rigorous and systematic intercomparison and evaluation of statistical, dynamical and statistical-dynamical downscaling methods, with particular focus on the downscaling of extremes. The results projected major changes in European temperature and rainfall extremes for the future.
The results also indicated that the method used to downscale also contributed to the uncertainties in regional scenarios of extremes. Use of a multimodel approach to regional scenario construction, regardless of whether statistical or dynamical or statistical-dynamical downscaling methods were employed, was suggested to account for such uncertainties.
In the majority of these comparison studies, the main focus has been on the reproduction of the mean behaviour of rainfall, and only a few have concentrated on the extremes and spatial dependence. The aim of the present study is to apply a multisite weather-generator-based statistical downscaling model and a weather-forecasting-based dynamical downscaling model to examine the potential sources of apparent agreement between the two classes of models, and evaluate the limitations and strengths of the approaches in simulating the point rainfall and areal estimates. The study is also intended to evaluate the model capability in reproducing the observed rainfall spatial distribution, as the spatiotemporal evolution of rainfall coupled with changing climatic behaviour is critical for many hydrological and water resource studies. The performance evaluation includes the use of the dynamically downscaled gridded rainfall to compute point rainfall and of the statistically downscaled point rainfall to compute areal averages. The study is implemented over Sydney, Australia using a 49-year continuous record The rest of this paper is organised as follows. Methodology is presented in the next section. This is followed by data used, study region, application of models and a comparison of the downscaled results obtained using the two downscaling models. A summary of results and conclusions drawn are presented at the end.
METHODS

Statistical downscaling model
The statistical downscaling model used in the study is a two- Table 1 ) as well as on the rainfall on the previous day. The use of rainfall amount of the previous day as a conditioning variable imparts a Markov order one dependence, while the use of atmospheric variables incorporates the influence of changing climate conditions in the downscaled rainfall amount series.
As these downscaling models based on rainfall occurrences and amounts are single-site models, they do not consider the observed daily spatial rainfall dependence between and among the stations. The method used to incorporate spatial dependence in such simulations involves the use of uniform random variates that are independent in time but also exhibit appropriate observed spatial dependence at a daily timescale across multiple point locations.
Consider the case of S stations, and let u t be a vector of uniform [0,1] variates of length S at time step t. The aim is to define the vector u t (u t (1), u t (2), . . . u t (n s )) in such a way that for locations k and l, corr[u t (k), u tþ1 (l )] ¼ 0 (or, random numbers are independent across time), but corr [u t (k), u t (l )] ≠ 0 (or, random numbers are correlated across space, and the randomness is preserved only in a temporal sense). As a result, there is spatial dependence between individual elements of the vector u t , and this dependence is used to reproduce the observed spatial dependence across stations in the daily downscaled rainfall. More details on this procedure are available in Wilks ().
Dynamical downscaling model
The dynamical downscaling model used in this study is the daily basis for the same period as the rainfall record . Since the observed rainfall value available for a given day in the study region represents the total rainfall over a 24-hour period ending at 0900 hours (local time or LT) in the morning, the available atmospheric measurements on the preceding day are considered as representative of rainfall on a given day. The first 25 years of the data are used for calibration of the statistical downscaling model, while the remaining 24 years of data are used for evaluation of the model performance and comparison of results with those obtained using the dynamical downscaling model. It is also relevant to note that the post-1980 reanalysis data are considered to be of superior quality, especially with the availability of satellite data (Sterl ).
Identification of predictors for statistical downscaling
The identification of appropriate atmospheric variables forms one of the most important steps in statistical downscaling, as it strongly influences the downscaled results (Wilby et al. ). As GCMs/RCMs are known to have too many days with very little rainfall, the performance of these models improves with an increase in the value of threshold. Further data analysis suggests that the at-site annual SDs of calibration and verification periods differ significantly at a majority of the stations 
Rainfall spatial dependence
For efficient design and management of water resource projects, the model-simulated time series are required to capture the overall spatial distribution of the observed rainfall patterns over the study region, in addition to accurately reproducing the temporal statistics of rainfall. This aspect has indirectly been covered earlier in Figure 2 . As Figure 2 shows, both the dynamical and the statistical downscaling models capture the overall spatial distribution of the annual rainfall amount quite well. This characteristic is now examined in more detail, in terms of log-odds ratios (for daily rainfall occurrences) and cross-correlations (for rainfall amounts). A log-odds ratio is meant for categorical data and provides information about the direction of association even when the sample size is small/moderate. This ratio is expressed as lr i,j ¼ log(p00 i,j p11 i,j =p10 i,j p01 i,j ) where lr i,j is the log-odds ratio between i and j pair of stations; p00 i,j , p10 i,j , p10 i,j and p01 i,j are the joint probabilities of no rain at either of the stations, rain at both stations, rain at station i and no rain at station j, and no rain at station i and rain at station j, respectively. Wet and dry spells and extreme daily rainfall Finally, Table 4 Carrying out such bias correction in the context of dynamical downscaling is a bigger challenge given the need to ensure the physical consistency in the resulting (post-processed) outputs.
Further, it is easy to extend the statistical downscaling approach to multiple climate models and multiple emission scenarios and obtain multiple realisations and conduct an elaborate risk and reliability assessment of its outputs. It may be noted however that in large collaborative projects, such as PRUDENCE (prediction of regional scenarios and uncertainties for defining European climate change risks and effects), Ensembles (Ensemble-based predictions of climate changes and their impacts), NARCCAP (North American regional climate change assessment program), S-5-3 (Japan), multiregional climate model ensemble downscaling (MRED),
inter-CSE transferability study (ICTS) and others (see Takle   et al.  for a listing of collaborative regional modelling projects), dynamical models have been used to downscale multiple GCMs under multiple emission scenarios. As the statistical model operates at a daily timescale, it is not structured to reproduce the observed statistics at aggregated timescales such as monthly, seasonal and annual.
The inclusion of the wetness state over 365 days as a predictor in the rainfall occurrence downscaling model is generally expected to provide some improvements in the reproduction of the observed year-to-year variability in the simulations. However, the results from the present study indicate large differences between observed and simulated standard deviations of the number of wet days in a year, more specifically for the evaluation period. This may possibly suggest either or both of the following, especially for regions with significant year-to-year rainfall variations such as Sydney: (1) the selected predictors are inadequate/insufficient; and (2) the model needs to be calibrated for a longer period of records, in particular to take advantage of the improved quality of the reanalysis data (Sterl ) .
Uncertainty analysis is a major step in any modelling exercise. In the case of GCM outputs and their downscaling, multiple models, scenarios, ensembles and alternative downscaling approaches are considered to quantify the uncertainties in the outcomes. Among the different types and levels of uncertainties, one of the most likely sources arises from the formulation of the climate model (Rowell ;
Wilby et al. ). The research presented here is a step towards the development of a comprehensive methodology for estimating the uncertainty that is added during the downscaling stage.
The analysis performed here is focused on only a single variable and two downscaling models, and also limited to the current climate. Further investigations, by including results from other downscaling methods, climate variables, GCM scenarios and future climate projections, will also allow incorporation of the uncertainty from other sources in the results.
The next step in the research will involve the use of a coupled dynamical-statistical downscaling approach (not as alternatives) that would allow advantage to be taken of their strengths and their limitations to be limited. For instance, statistical downscaling is computationally cheap, but it relies on a dense raingauge network and reliable long-term records of observed rainfall. In contrast, dynamical downscaling simulates regional-scale gridded rainfall using a regional climate model and information from global models. The dynamical downscaling may be used in conjunction with observed available information to fill the gaps in sparsely observed areas. The selection of a spatiotemporal scale at which dynamical downscaling prediction skill is the highest, and then using statistical downscaling to extend the predictions to finer resolutions at which the dynamical downscaling model is less skilful, may provide better predictions.
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